here is an urgent need for rapid, reliable, and cost-effective methods to monitor patients who are at high risk for adverse vascular events. Such methods may be used to target treatment to high-risk patients, thereby preventing vascular events.
T
here is an urgent need for rapid, reliable, and cost-effective methods to monitor patients who are at high risk for adverse vascular events. Such methods may be used to target treatment to high-risk patients, thereby preventing vascular events. 1 Ultrasound is a relatively inexpensive and widely available imaging method enabling quantitative imaging measurements of the carotid artery wall, including intima-media thickness, vessel wall volume, and plaque burden. It has been shown that carotid plaque burden measures, such as total plaque area or total plaque volume (TPV) and their changes over time, provide strong predictors of adverse events. 2 Carotid ultrasound, by means of plaque echogenicity or texture, also provides a way to measure plaque composition. Lipid cores and intraplaque hemorrhage are thought to destabilize plaque, whereas calcifications have a stabilizing effect. 3, 4 In ultrasound, lipid and hemorrhagic areas are more echolucent, whereas calcified and fibrous areas are echorich. 5 Ultrasound echogenicity has been shown to differentiate between symptomatic and asymptomatic subjects 6 and has been used to predict events. [7] [8] [9] More complex texture measures, with examples given in Table I in the online-only Data Supplement, provide information on the distribution of pixel intensities over the plaque. Incorporating such higher order texture parameters, such as coarseness or contrast, may provide more insight into the underlying tissue properties and has been used in several studies as well. [10] [11] [12] In previous studies, these higher order texture measures were shown to differentiate accurately between symptomatic and asymptomatic subjects 10 and performed better than a set of plaque shape parameters. 11 In addition, they were more predictive of events than a combination of a history of events and plaque parameters, such as plaque area and gray scale median. 12 In addition to single time-point measurements, progression of TPV was shown to be a strong predictor of events, 2 and changes in plaque texture were more sensitive to statininduced effects than changes in TPV. 13 On the basis of all
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these findings, we hypothesized that changes in plaque composition over time may be related to subsequent vascular events. Therefore, here our goal is to develop 3-dimensional ultrasound (3DUS) plaque texture measurements and to determine whether plaque texture and changes in plaque texture could improve the prediction of events in high-risk patients.
Methods
Study population, image acquisition and plaque volume annotation have previously been described.
2,14
Study Population
Patients with a history of risk factors, such as hypertension or hyperlipidemia, or with a history of vascular events, who were being followed up in the Stroke Prevention Clinic or the Premature Atherosclerosis Clinic at the University Hospital, London, Canada, were enrolled in the study. The inclusion criteria included a baseline plaque area between 40 and 600 mm 2 , measured by 2D ultrasound. 15 All plaques from the clavicle to the angle of the jaw, including the right subclavian artery and the common, internal and external carotid artery were considered. Participants with a stenosis ≥70% on Doppler ultrasound were excluded, and all subjects provided written informed consent to a protocol approved by the Western University Human Research Ethics Board. 
Follow-Up for Outcomes
TPV Assessment
For plaque delineation, the 3DUS image was displayed using 3DQuantify. TPV was measured as described previously 16 in all scans by 1 observer (T.W.) who was blinded to the time-point (baseline or follow-up), patient characteristics, and vascular events. All plaques between 1.5 cm below the bifurcation and 1.0 cm above the bifurcation into the internal carotid artery were considered. For each plaque, a plane in the longitudinal view which best visualized the plaque was selected for defining the length of the plaque and for placing 2 end points at the proximal and distal ends of the plaque. At 25%, 50%, and 75% of its length, the boundary of the plaque was annotated perpendicular to the long axis. These boundaries and the end points were connected by a computer program to create a volume. TPV per patient was measured as the sum of the volume of all plaques present.
For reference, intima-media thickness was measured from longitudinal image planes extracted from the 3DUS images as previously described, 2, 17 and repeated 3× per image.
Texture Analysis
A set of 376 texture measures based on 9 different texture extraction techniques was calculated. Most of the texture measures have previously been used in studies on 2D 10-12 and 3D 13 carotid ultrasound. An overview is provided in Table 1 (details can be found in the onlineonly Data Supplement).
Texture was calculated for the annotated plaque volumes in both arteries. For each measure, the average was calculated by weighting the values per plaque by the plaque volumes, to obtain 1 value per patient for each measure, at both baseline and follow-up. For 7 cases with no plaque in the 3D ultrasound at baseline, baseline texture was taken as the mean of all other subjects at baseline. Texture measures were normalized by setting the mean of all subjects to 0 with a SD of 1 for each measure.
Sparse Cox regression was used to combine the 376 texture measures into 1 texture-based risk indicator, using the glmnet toolbox 27, 28 for R 29 . With sparse regression, a penalty term promotes the reduction of the number of parameters in the model, leaving only the strongest predictors. In our experiments, we fixed the number of remaining parameters in the model to 5 because of the relatively low number of events.
To ensure unbiased parameter selection, experiments were performed by 10-fold cross-validation, so subjects were randomly divided in 10 equally sized groups with the event incidence equally divided over those 10-folds. Within cross-validation experiments the model for combining texture measures was built on 9 of the 10-folds, and used to calculate the hazard ratio (HR) for the subjects in the 10th-fold. This was repeated 10× with each fold left out once, to obtain an HR for each subject. This HR was used as the texture-based risk indicator. This was performed both for the 376 baseline texture parameters and for the 376 texture change parameters, which were calculated by subtracting baseline texture from follow-up texture.
To combine ≥2 parameters (texture/TPV baseline/changes), a Cox model was built using only those parameters. This was done using the same 10-fold cross-validation: both the model to combine the texture measures into 1 risk parameter, and the model to combine parameters was developed on 9 folds and evaluated on the 10th. All cross-validation experiments were repeated 5×, to evaluate stability of the procedure.
Statistical Analysis
Because of non-normality of the studied parameters, continuous variables are given as median and interquartile range, and Kruskal-Wallis testing was used to test for differences between groups. For categorical variables, a χ 2 test was used to compare groups. The predictive value of the studied parameters was evaluated by receiver-operating characteristic (ROC) analysis, Kaplan-Meier analysis, and multivariate Cox regression. For ROC analysis, the area under the curve was determined for baseline texture, texture change, baseline TPV and TPV change, and combinations of those measures. Further analyses focused on texture change and TPV change, and Gray-level difference matrix 20 
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Neighborhood gray-tone difference matrix 21 
10
Law's texture 22 
105
Local binary pattern 23 
27
Gaussian filter bank 24 
24
Structure tensor 25 , 26 20 A more detailed description can be found in the online-only Data Supplement.
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their combination. Kaplan-Meier curves were made after dividing the participants in 3 equally sized groups of increasing TPV or texture change (HR). The differences between these groups were tested for statistical significance by log-rank tests. In addition, the HR of the high-risk group with respect to the other 2 groups was determined by Cox regression.
To evaluate the potential effects of the ultrasound-derived measures in combination with other covariates, Cox regression was performed with change in TPV, change in plaque texture, and the extended Framingham risk score. 30 The extended Framingham risk score predicts general cardiovascular disease risk, based on age, sex, high-density lipoprotein and total cholesterol, systolic blood pressure (treated or untreated), smoking, and diabetes mellitus. Because of skewness of the texture measure, the logarithm of this measure was used. The full model was compared with the model without texture change, and the model without TPV change, using a log-likelihood ratio test. In addition, Cox regression was performed using a stepwise backward Wald approach, with baseline TPV and texture added as covariates to verify their predictive value in combination with plaque changes and clinical parameters.
In all experiments, participants who experienced MI, TIA, or stroke during follow-up were considered as positive for vascular events. Statistical analysis was performed using both R (Sparse Cox regression, ROC, and Kaplan-Meier analysis) and SPSS software (full Cox regression models).
Results
Patient Characteristics
In total, 298 patients were included for 3DUS analysis. During follow-up, 27 of these subjects experienced a vascular event, of which 9 had a stroke, 11 a TIA, and 7 a MI. Two subjects died as a consequence of the event. Baseline characteristics are provided in Table 2 .
Texture Measures
In Figure 1 , 2 of the strongest texture measures (when considering texture change) are shown for a single patient. These 2 measures were most often selected by Cox regression, 49 and 48 of 50 experiments, respectively. The 2 plaques in this vessel are different in appearance, which is reflected by the 2 texture images. Table I in the online-only Data Supplement provides the 6 most often selected texture measures as selected by sparse Cox regression, alongside with texture change and TPV change, and their values in patients who do or do not experience a vascular event for reference. In practice, only these strongest texture parameters need to be calculated, on which the risk parameter can be determined and compared with reference values. 
ROC Analysis
In Figure 2A , ROC curves are shown for baseline TPV and texture and change in intima-media thickness, TPV, and texture. Figure 2B shows ROC curves when ≥2 features are combined. Figure 3 shows Kaplan-Meier curves for TPV change, texture change, and their combination. Threshold values of the HRs for separating the medium-risk tertile from the low-risk and high-risk tertiles were −21 and 59 mm 3 for TPV change, 0.9 and 1.1 for texture change, and 0.7 and 1.3 for their combination. The difference between risk tertiles was significant for all experiments (P=0.039 for TPV change; P≤0.01 for texture change; and P<0.001 for the combination).
Kaplan-Meier Analysis
Comparing the high-risk tertile with the combined low-risk and medium-risk tertiles with Cox regression, showed a HR of 2.3 (P=0.03) for TPV change, 4.3 (2.7-6.4) with P<0.001 to 0.01 for texture change, and 6.2 (4.2-7.9) with P<0.001 for the combination. Table 3 shows the results for Cox regression with TPV change, texture change, and the Framingham risk score. Both TPV change and texture change were significant predictors of stroke, TIA, and MI, whereas in this data set the Framingham risk score was not. The log-likelihood ratio tests indicated that the full model was significantly better than the model excluding texture change and the model excluding TPV change (all P<0.01). Table II 
Cox Regression
Discussion
This study compared the predictive value for vascular events of texture and TPV derived from 3D carotid ultrasound. Changes in 3DUS texture characteristics and TPV over time were stronger predictors than baseline variables. Both texture and TPV change remained significant predictors after adjustment for the Framingham risk score. The full model was significantly better than the model including only TPV or texture change and the Framingham risk score.
The predictive value of TPV change over time 2 and baseline texture 12 have been evaluated previously, but to our knowledge this is the first study to consider changes in texture and to combine texture change and TPV change for risk stratification of patients over time. Texture change was more predictive of events than baseline texture, which suggests that plaques that are changing faster impose a higher risk on patients than plaques that are stable in texture and by analogy, stable in composition. This notion is also supported by the observation that in our analysis, for all texture measures that were selected, the median change is closer to zero for patients not experiencing an event than for those who do (Table I in the online-only Data Supplement). Moreover, this is analogous to recent findings that plaque changes, such as TPV progression 2 or fastest intima-media thickness progression over several vessel segments, 31 are predictive of events. Framingham risk score was not predictive of events in this data set. This could be explained by the inclusion that was based on the presence of carotid plaque and risk factors or symptoms. All included patients had an increased Framingham risk score (interquartile range, [13] [14] [15] [16] [17] [18] . Here, we show that in a population with increased risk, plaque measurements using ultrasound can further stratify patients.
In a previous study where statin-induced changes were better reflected by texture change than by TPV change, 13 Law's texture measures performed best, which is similar to our findings. Moreover, neighborhood gray-tone difference matrix coarseness was important in our study and was among the best measures in previous work that showed the discrimination between symptomatic and asymptomatic patients. 11 Our findings can be used both for patient monitoring and evaluation of therapies. The present study shows that including plaque texture in the monitoring of patients contributes to improved risk assessment using ultrasound. A yearly followup, including ultrasound in an atherosclerosis clinic, is practically feasible. 32 More regular follow-up of high-risk patients would be possible to enable adjustment of therapy in a more timely fashion. Adjusting patient treatment based on changes in plaque area instead of traditional risk factors was already shown to reduce the number of vascular events significantly. 33 Including changes in TPV and texture could further improve effectiveness of patient management. In addition, cost-effective measurements are needed to evaluate newly developed therapies, where imaging parameters will be a good secondary end point as an alternative to the number of events for which larger studies and longer follow-up are required. When MI was left out as an end point, no relevant changes in the HR of both texture change and TPV change were observed in Cox regression. The number of MIs was too small to study the effect for MI only, but these findings are supported by the notion that vascular disease is systemic, and that carotid atherosclerosis may estimate and reflect disease in other vessels accurately. 34, 35 A limitation of this study is the relatively small number of events. However, the finding that TPV change and texture change are both significant predictors of events even in this relatively small data set supports the use of such ultrasoundderived measures when compared with traditional risk factors. It should be noted that these results hold only for subjects with identified carotid atherosclerosis, which is a clinically relevant population. In addition, the sensitivity of the proposed method to the used imaging equipment and settings has to be evaluated. Finally, it is important to acknowledge that to incorporate plaque texture into clinical practice and large clinical studies, automated analysis will be required. In the present study, plaque volumes were segmented semiautomatically, as described previously, 16 but automatic methods are also available, 36 which will help facilitate translation to clinical practice.
Conclusions
Changes in ultrasound plaque texture and volume are predictors of vascular events in patients in whom traditional risk factors measured by the Framingham risk score are not. These measures can be used in clinical practice as a cost-effective way to monitor high-risk subjects or as an evaluation measure in the development of new therapies.
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Supplemental methods: texture descriptors
Here we provide a more detailed description of the texture measures that have been included in the study. Most of these texture measures have previously been used in studies on 2D 1-3 and 3D 4 carotid US. Our parameter settings were based on these studies, but texture measures are calculated for all three imaging planes, or for the complete plaque volumes. The texture measures were implemented in Matlab (Matlab R2011B, The MathWorks Inc., Natick, MA).
For each group of measures we summarize the settings that were used and provide a complete list of these measures. Before calculating texture measures, the images were normalized. For each image the 10th percentile of the imaged volume was fixed at 10 and the 90 th percentile at 150, and all intensities were linearly scaled with these values. Texture was calculated for all 3D plaque regions in both carotid arteries, and the texture of the left and right artery were averaged by taking the weighted average with respect to plaque size, to obtain one value per patient for each measure.
Gray level distribution (GLD, 34 measures) GLD measures were calculated from all voxels within the plaque regions. Our selection of measures was based on Awad et al 4 . The selected measures were mean, standard deviation, median, minimum, maximum, entropy, mode, energy, the first 7 standardized moments around the mean, a normalized histogram of 20 bins ranging from 0-500, and the histogram bin with the highest count.
Gray-level co-occurrence matrix (GLCM, 78) GLCM measures as introduced by Haralick et al 5 measure the joint probability of pairwise combinations of image gray levels. In this paper co-occurences with a distance of 1 pixel were calculated in horizontal, vertical, and diagonal orientations (θ = 0, 45, 90, 135) for intensity bins with width 10. For the axial, coronal and sagittal plane one co-occurence matrix was made that included all slices, and the mean and standard deviation of the 4 orientations were calculated per plane for 13 measures 5, 6 : autocorrelation, contrast, correlation, cluster prominence, dissimilarity, energy, entropy, homogeneity, maximum probability, sum average, sum entropy and two information measures of correlation Gray level run length (GLRL, 66) GLRL considers 'runs', which are defined as a set of consecutive pixels with the same gray level value 7 and of which the length is the number of pixels in that run. For the present paper, runs with θ = 0, 45, 90 and 135 were calculated in the axial, coronal and sagittal plane. For each plane the following measures were calculated and averaged over the four orientations: Short run emphasis, long run emphasis, gray level non-uniformity, run length non-uniformity, run percentage, low gray level run emphasis, high gray level run emphasis, short run low gray level emphasis, short run high gray level emphasis, long run low gray level emphasis and long run high gray level emphasis. All measures were calculated for both intensity bins of width 5 and 20 and implemented using the toolbox by Wei 8 .
Gray level difference matrix (GLDM, 12) GLDM 9 calculates the absolute difference between neighboring pixels. We used a distance of 1 pixel, and calculated the mean over 4 orientations (θ = 0, 45, 90, 135), for 3 planes (axial, coronal, sagittal). For each plane the mean, contrast, angular second moment and entropy were calculated. Neighborhood gray tone difference matrix (NGTDM, 10) NGTDM was developed to calculate five measures related to human perception: coarseness, contrast, busyness, complexity and strength 10 . We calculated the mean difference with the surrounding voxels in a 3D 26-neighborhood, for intensity bins of 1 and 10, and calculated the five measures for both these settings.
Laws texture (105)
Laws developed texture energy measures by convolution of the image with 1D kernels 11 . We combined five 1D kernels to study 3D texture: [ 
Local Binary Pattern (LBP, 27)
The original 2D implementation of LBP measures the homogeneity of texture by determining the number of transitions from intensities higher than each central pixel to intensities lower than that central pixel 12, 13 . We applied a 3D adaptation where we determined the number of 'regions' higher or lower in intensity around each voxel in a 26-and a 98-neighborhood. Measures were the mean and standard deviation of the number of regions in both the 26-and the 98-voxel neighborhood, a normalized histogram of 1 up to 6 and > 6 areas for the 26-neighborhood, and 1 up to 15 and > 15 areas for the 98-neighborhood. (24) We applied 3D Gaussian filters to calculate blurred intensity, gradient magnitude, Laplacian and curvature at 3 scales: 0.16mm, 0.32 mm and 0.64mm. As measures we used the mean and standard deviation of these measures over the regions of interest 14 .
Gaussian filter bank
Structure tensor (20) The structure tensor 15 measures coherence in an image. From the 3D structure tensor we calculated the fractional anisotropy, the 3 eigenvalues and the determinant, and calculated the mean and standard deviation over the regions of interest 16 . We applied two different scales: an inner scale of 0.16 mm with an outer scale of 0.48 mm, and an inner scale of 0.32 mm with an outer scale of 0.80 mm.
Supplemental results
Here we show some additional results. Table I presents the strongest Texture change measures, together with TPV change and the combined Texture change risk indicator, for the patients with and without events, and the statistical difference between the two groups. These parameters are determined to be the strongest since these were most often selected in sparse Cox regression. Out of the five repetitions of 10-fold cross-validation (50 times performing sparse Cox regression), these were selected 49 (Laws EER), 48, (NGTDM Coarseness and Laws SSR), 41 (Laws SSS) and 15 (NGTDM Contrast, and GLCM standard deviation of correlation in axial plane) times. This means that for use in practice a Texture risk parameter based on these texture measures can be determined, such that for new patients only those few measures need to be calculated, combined and compared with the reference value.
Table II presents three different subanalyses for Cox regression: 1) with only stroke and TIA as event, so considering subjects with myocardial infarction as no event, 2) excluding patients without plaque on 3DUS at baseline, and 3) excluding patients with atrial fibrillation at baseline. 
